Introduction
Supply Chain Planning (SCP) is one of the most important issues in Supply Chain Management (SCM) (Gupta and Maranas 2003) . Three decision levels can be distinguished in SC planning: strategic, tactical and operational (Gupta and Maranas 1999) . Strategic planning deals with long-term decisions, from two to ten years, concerning the design of the SC and its configuration (Chauhan, Nagi, and Proth 2004; Kemmoe, Pernot, and Tchernev 2014) . Tactical decisions are made in the medium-term horizon, between three months and two years (Chhaochhria and Graves 2013; Khakdaman et al. 2015) , in order to optimally use the resources and determine production and procurement quantities for the whole SC. Operational decisions are made with a short-term horizon, from one to two weeks, and mainly concern the exact scheduling of the detailed tasks according to various resource constraints (Baumann and Trautmann 2013; Wang, Liu, and Chu 2015; Ivanov et al. 2016 ). This article focuses on tactical planning.
Traditionally, procurement and production activities are handled separately. However, the ordered quantities of raw materials depend on the production quantities of finished product. Therefore, separating these two activities may result in sub optimisation and poor overall performance (Goyal and Deshmukh 1992) .
Three paramount characteristics of the integrated procurement-production planning problems should be taken into account by the decision-maker: (i) The rapid market changes may result in conflicting objectives regarding performance maximisation and risk minimisation. (ii) The complex nature of the relationships amongst the different actors on the SC results in a high degree of uncertainty in the tactical planning decisions. (iii) Some input data and preferences are only accessible through human judgments or uncertain data that can hardly be estimated by crisp numerical values or by probability distributions.
However, few research works simultaneously consider all these issues. The majority of the existing literature addresses the integration of the planning activities as an optimisation process, oriented on cost minimisation (see for 2.1 Tactical supply chain planning A wide variety of tactical planning models has been developed in the scientific literature on SCM, and may be classified according to the characteristics of the physical system (i.e. single plant/multiple plants), to the domain of decision (i.e. production, distribution and procurement), and to the data used (crisp/deterministic vs. imprecise/stochastic data). When deterministic data cannot be found, a large number of studies use stochastic programming (Gupta and Maranas 2003; Kazemi Zanjani, Nourelfath, and Ait-Kadi 2010) or robust optimisation (Kanyalkar and Adil 2010; Mirzapour Al-e-hashem, Malekly, and Aryanezhad 2011; Niknamfar, Niaki, and Pasandideh 2015) . In this case, probability distributions are usually deduced from historical data. However, in practice, providing a realistic probability distribution is not easy. Nevertheless, the actors of the company often have a good practical expertise that can be reused. Fuzzy Sets Theory can be an efficient tool for modelling such subjective data, and has been used in that purpose in several recent researches related to tactical SCP, e.g. for production planning (Wang and Liang 2005; Chen and Huang 2010) , or for dealing with the interrelations between distribution and production (Liang 2008; Selim, Araz, and Ozkarahan 2008; Torabi and Moghaddam 2011) . Among the rare studies modelling uncertainties by fuzzy sets for integrated procurement-production planning, (Chen and Chang 2006) suggests a multi-product, multi-period and multi-echelon SC model for reducing costs when the demand, the unitary cost of raw materials and the unitary transportation cost of products are modelled by fuzzy numbers. Torabi and Hassini (2008) developed a multi-objective possibilistic mixed integer linear programming model to formulate an integrated procurement, production and distribution planning problem in a fuzzy environment for a three echelon SC consisting of multiple suppliers, one manufacturer and multiple distribution centres. The proposed model uses two objectives functions: minimisation of the total cost of logistics and maximisation of the total value of purchasing. The latter considers the impact of qualitative criteria related to purchasing decisions, such as technical capacities of the suppliers, business structure and after sale services. However, in spite of the subjective nature of these criteria, they are assessed quantitatively. This work was extended in (Torabi and Hassini 2009) by proposing an interactive fuzzy goal programming approach for a multi echelon SC in presence of imprecise data, such as market demand and available capacities. As in their previous work (Torabi and Hassini 2008) , the authors evaluate subjective criteria using quantitative measurements. Peidro et al. (2009) introduced a fuzzy mixed-integer linear programming model for integrating procurement, production and distribution planning where supply, demand and process are modelled by triangular fuzzy numbers. The target is the best use of the available resources while meeting customer demand at minimum cost. The authors developed a strategy for transforming the fuzzy formulation into an equivalent axillary crisp mixed integer linear programming model.
Recently, Gholamian et al. (2015) developed a fuzzy multi-objective mixed integer nonlinear programme for a multi-echelon SC. Four objective functions were suggested: (i) minimising the total cost, (ii) improving the customer satisfaction, (iii) minimising the rate of changes of the workforce and (iv) maximising the total value of purchasing. The first three conflicting criteria were reused in (Gholamian, Mahdavi, and Tavakkoli-Moghaddam 2016) to formulate a mixed integer nonlinear programme for an integrated tactical and operational planning, solved by fuzzy optimisation.
We can observe that a limited number of studies deal with integrated procurement-production planning. Moreover, these studies mainly suggest the use of mathematical optimisation approaches, the objectives at the mid-term horizon being usually limited to meeting the customer demands and minimising the total cost / maximising the total profit. These approaches do not consider subjective criteria, or convert them into quantitative ones. Indeed, even if the presence of imprecise / expert data is recognised as an important characteristic of such planning problems, few studies suggest using the available expert knowledge.
Another important limitation is that these methods do not include risk management in their decision process. Indeed, they limit the awareness on risk to the existence of some uncertain parameters, such as market demand, supply, production process and their associated costs and do not consider explicitly the characteristics and behaviour of the partners of the SC (suppliers, plants, etc.) facing risk.
In the following sub-section, a short review of the most frequently used decision criteria in supplier selection and order allocation processes is given.
Supplier selection and order allocation problem
Supplier selection is an important strategic decision in SCM. Many criteria, either quantitative or qualitative, have been proposed since 1966, such as quality, productive capability, price, delivery, industry position, financial stability, performance history, reputation, location, reliability, responsiveness, safety, customer responsiveness, relationship closeness, etc. (Weber, Current, and Benton 1991; Dickson 1966; Huang and Keskar 2007) . Nevertheless, most studies suggest that product quality, price and delivery time are the most important ones (Shipley 1985; Ellram 1990; Pi and Low 2005) . We think that this is not anymore true in an ever-changing context in which the execution of an optimal planning may be set into question by unexpected events.
The allocation of the orders to the selected suppliers should also be optimised. (Guneri, Yucel, and Ayyildiz 2009 ) presents an integrated fuzzy linear programming approach to solve the multiple sourcing supplier selection problem under uncertainty and vagueness. The proposed approach uses trapezoidal fuzzy numbers to evaluate importance weights and ratings of supplier selection criteria including reputation and position, relationship closeness, performance history, delivery capability and conflict resolution. As a second step, a linear programming model is presented to select the best suppliers and the optimal order quantities, considering the objective of total value purchase maximisation and constraints such as quality, budget and capacity. Mafakheri, Breton, and Ghoniem (2011) suggest a two stage multiple criteria dynamic programming approach to solve the supplier selection and order allocation problem. In the first stage, Analytic Hierarchy Process (AHP) (Saaty 1980 ) is used to rank potential suppliers using four criteria (quality, price performance, delivery performance and environmental performance) decomposed into 21 qualitative and quantitative sub-criteria. Then, an order allocation model is proposed on the basis of two objectives: minimising the total SC costs and maximising the utility function for the company.
In (Arabzad et al. 2015) , suppliers are evaluated using a Strengths, Weaknesses, Opportunities and Threats analysis according to quantitative and qualitative criteria. Fuzzy TOPSIS is then used to determine the weights of the criteria. In the second phase, the results provided by Fuzzy TOPSIS are used as input for a mixed integer linear programming calculating the allocated order to each supplier. The model is solved using LINGO. Zouggari and Benyoucef (2012) also proposed a two-phase decision-making approach for supplier selection, then order allocation. In the first phase, Fuzzy-AHP is used to select suppliers based on four classes of criteria (performance strategy, quality of service, innovation and risk), qualitatively evaluated. In the second phase, Fuzzy TOPSIS is used to assess the order allocation among the selected suppliers on the base of three criteria (cost, quality and delivery). This article is one of the few taking explicitly 'risk' into account, but only strategic risks are considered, linked to the geographical location of the supplier and the political and economic stability of its country. However, risks can also occur at the tactical level, linked to the poor flexibility of a supplier for instance, that may become a problem if changes are required. Consequently, it is in our opinion important to consider risk factors not only when selecting the suppliers but also when allocating them the orders.
It can be seen that the majority of existing studies on the supplier selection problem with order allocation are exclusively based on performance criteria. Factors of risk like poor flexibility of the supplier, low commitment, or fragility are not considered at middle term. When present, the criteria related to risk are generally aggregated with others in order to compute an overall score for each supplier. In our opinion, they should be clearly distinguished from criteria linked to performance, since they provide information of different nature. They should therefore be displayed without a priori aggregation, so that the decision-maker can distinguish these two dimensions of a plan.
To overcome the various limitations described above, we suggest developing a tactical planning method based on both performance and risk decision criteria, clearly distinguished from each other and efficiently captured through expert knowledge. To achieve this goal, a multi-criteria decision-making approach is used and several novel decision criteria are proposed.
Proposed decision criteria
We suggest in what follows a list of sub-criteria allowing assessing the performance and risk of a procurementproduction plan. Nevertheless, the list should be adapted in order to fit with the specificity of a given real case.
Class I: performance-based decision criteria
This first class of criteria aims at assessing the performance of a plan. We have selected the following criteria:
• Cost price: The total cost of the tactical plan includes production, subcontracting and purchasing costs. These costs may be imprecisely known at middle term; they will therefore be described by fuzzy numbers.
• Number of actors: suppliers, manufacturing plants and subcontractors involved in a plan. This criterion may be relevant or not according to the decision maker's policy. Some companies estimate that reducing the number of suppliers allows improving quality and reducing cost (Monczka, Trent, and Callahan 1993; Goffin, Szwejczewski, and New 1997) . The opposite strategy (multi sourcing) may also be adopted in order to decrease the dependence on a supplier.
• Quality: The quality related to each tactical plan is the estimated capacity of the involved partners to deliver parts of the required specifications in the required conditions of packaging. We have chosen here a global and qualitative assessment of the quality criterion.
• Reliability: The reliability is considered here as the ability of a supplier to deliver the orders on time. The reliability of a supplier is supposed to be evaluated by the decision-maker in qualitative terms.
Class II: risk-based decision criteria
These criteria should allow distinguishing the suppliers able to react to changes, from others who have good performance but may have difficulties coping with unexpected events.
• Flexibility: The flexibility of a supplier is considered here as its ability to take into account changes imposed by the customer in the characteristics of the product while the order is in process. This criterion may be for instance important if the configuration of customised products can be modified at short term. It will of course not be used if the orders only concern standard and stable products.
• Responsiveness: The responsiveness is seen here as the ability of the supplier to answer to a change in the due date of the orders. Again, such criterion will not be of interest in case of stable demand.
• Robustness: The robustness of a supplier can be defined as its insensitivity to disturbances. This criterion is of increasing concern, because tactical plans are often affected by uncontrollable factors (Genin, Lamouri, and Thomas 2008) .
• Resilience: Resilience is sometimes defined as the ability of the actor to get back to its original state after disruption (Mensah and Merkuryev 2014) , but this definition is in our opinion too close to the one of robustness. According to Bhamra, Dani, and Burnard (2011) , resilience is the ability of an entity to return to a stable state after disruption. In psychology, resilience is the ability of an individual to reach a satisfactory state (even if different from the one initially expected) after a crisis (Cyrulnik and Macey 2009) . We select this definition here. In recent years, there has been a considerable academic interest in SC resilience (Tukamuhabwa et al. 2015 ). However, only few studies integrate the resilience criterion into the supplier selection process (Haldar et al. 2012 (Haldar et al. , 2014 Sahu, Datta, and Mahapatra 2016) . To our best knowledge, none considers it for order allocation.
• Stability: The stability of a supplier is linked to the planning more than to the supplier itself: it expresses the stability of the load of the supplier between two consecutive periods. Practical studies have shown that a supplier (especially a small one) can be destabilised by important load variations (Ming, Grabot, and Houé 2014) , leading to an increased risk to be unable to fulfil the orders. We shall assess this criterion by calculating the difference between the previous and the actual load, therefore estimating an instability measure that should be minimised.
Quality, reliability, flexibility, responsiveness, robustness and resilience are benefit criteria (to be maximised), whereas cost price, number of actors and instability are cost criteria (to be minimised).
Except the instability criterion, all these criteria will be qualitatively assessed according to an expert judgement. In next sections are provided the theoretical bases allowing using these criteria for assessing a supplier, then a procurement-production plan.
Theoretical background
4.1 Multi-criteria decision-making methods Several methods have been proposed to deal with multi-criteria assessment problems, frequently classified according to the discrete or continuous nature of the alternatives. A discrete problem (Multi Attribute Decision Making (MADM)) usually consists of a limited number of decision alternatives, whereas a continuous problem (Multi Objective Decision Making) deals with a large or infinite amount of alternatives. The main proposal of this study is to evaluate each prespecified procurement-production plan through performance-based and risk-based decision criteria. The decision-making problem has thus a discrete nature and a MADM method will be adequate in this case. MADM methods may be categorised according to their compensatory or non-compensatory nature. The compensatory methods are based on multiattribute value functions and Multi-Attribute Utility Theory (MAUT) and use an aggregation of the criteria. In contrast, the non-compensatory methods are mainly based on an outranking relation, which consists in the comparison between the alternatives according to each individual criterion. PROMETHEE (Brans and Vincke 1985) and ELECTRE (Roy and Bertier 1971; Roy 1978) are the most prevalent outranking methods. However, it has been acknowledged that such methods are able to provide a partial ranking among alternatives, but not a global one. Accordingly, MAUT methods are considered in this paper. Among these methods, we can cite for example AHP (Saaty 1980) , Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) (Hwang and Yoon 1981) , VIsekriterijumska optimizacija i KOmpromisno Resenje (VIKOR) (Opricovic 1998) , COmplex PRoportional ASsessment (COPRAS) (Zavadskas, Kaklauskas, and Sarka 1994) , Multi-Attributive Border Approximation Area Comparison (MABAC) (Pamučar and Ćirović 2015; Gigović et al. 2017) and Multi-Attributive Ideal-Real Comparative Analysis (MAIRCA) (Pamučar, Vasin, and Lukovac 2014; Gigović et al. 2016) .
Each method has its advantages and drawbacks, including its complexity of use. In this study, TOPSIS is chosen for the four advantages cited in Kim, Park, and Yoon (1997) and Shih, Shyur, and Lee (2007) : (i) a sound logic that characterises the rationale of human choice; (ii) a scalar number calculated on the basis of both the worst and the best alternatives simultaneously; (iii) a simple computation method that can be readily programmed in a spread sheet; and (iv) the performance measures of each alternative on the various attributes can be presented on a polyhedron, at least for two dimensions. In addition, TOPSIS (but it is also the case for the aforementioned methods) has been extended for dealing with fuzzy criteria or weights (Triantaphyllou and Lin 1996; Chen 2000) .
Thus, Fuzzy TOPSIS, described with more details in Section 4.3, is used for evaluating the performance and the risk correlated to each alternative planning, through several quantitative and qualitative criteria.
Fuzzy set theory
Fuzzy set theory was introduced by Zadeh (1965) for representing the inherent imprecision, uncertainty and vagueness of subjective information. Trapezoidal fuzzy numbers are used here to represent the imprecise data: this restriction allows simple calculations, and it has often been shown that this modelling framework is sufficient for modelling expert knowledge (Chou, Chang, and Shen 2008) . Definition 2: Given two fuzzy trapezoidal fuzzy numbersz 1 = (a 1 , b 1 , c 1 , d 1 ) andz 2 = (a 2 , b 2 , c 2 , d 2 ) and any positive real number r, the main operations on fuzzy numbers can be defined as follows (Chen, Lin, and Huang 2006) :
Definition 3: Letz 1 = (a 1 , b 1 , c 1 , d 1 ) andz 2 = (a 2 , b 2 , c 2 , d 2 ) be two trapezoidal fuzzy numbers; the distance between them can be calculated using the vertex method (Chen 2000; Chen, Lin, and Huang 2006) :
Definition 4: A matrix e D is called a fuzzy matrix if it includes at least a fuzzy entry (Buckley 1985) .
Definition 5: A linguistic variable is a variable which value is presented in linguistic terms (Zimmermann 2011) . Linguistic variables are commonly used to express subjective or qualitative appreciation of a decision-maker, using terms such as 'very low', 'low', 'medium', 'high', etc. Linguistic values can be modelled by fuzzy numbers.
From TOPSIS to Fuzzy TOPSIS
To compare solutions, TOPSIS computes the distance from each alternative to the Positive Ideal Solution (PIS) and Negative Ideal Solution (NIS). The PIS (resp. NIS) is the solution that minimises (resp. maximises) the 'cost' criteria and maximises (resp. minimises) the 'benefit' criteria ('cost' and 'benefit' are considered here in a broad sense). Fuzzy TOPSIS uses linguistic variables to model the ratings and the weights of the criteria (Triantaphyllou and Lin 1996; Chen 2000) . This approach includes six steps:
Step 1: Construction of the fuzzy decisions matrix and of the weight vector Let us assume that there are m possible alternatives A i i ¼ 1; . . .; m ð Þ to solve a problem, evaluated on n criteria C j j ¼ 1; . . .; n ð Þ. The rating of the alternatives with respect to the different criteria may be represented by a decision matrixD:
wherex ij is a linguistic value that represents the performance rating of alternative A i with respect to criterion C j .
The criteria weights can be expressed in a vector as follows:
wherew j may also be a linguistic value that represents the importance weight of criterion j. In this article,x ij andw j (i = 1, …, m and j = 1, …, n) are assumed to be trapezoidal fuzzy numbers given by:
Step 2: Construction of the normalised fuzzy decisions matrix The decision matrix is normalised to avoid anomalies resulting from different criteria scales. The set of criteria can be categorised into 'cost' criteria (Co) (to be minimised) and 'benefit' criteria (B) (to be maximised). The normalised fuzzy decision matrix can then be calculated as:
where
Step 3: Construction of the weighted normalised fuzzy decisions matrix The weighted normalised fuzzy decisions matrix is defined by multiplying the normalised fuzzy decision matrix by the importance weights of the criteria as follows:
Step 4: Computation of the fuzzy positive ideal solution and the fuzzy negative ideal solution The fuzzy positive ideal solution (FPIS) denoted by A þ and the fuzzy negative ideal solution (FNIS) A − can be defined, respectively, as:
. . .; m; j = 1, …, n. It should be noted that if all the criteria are assessed using the same set of fuzzy linguistic variables, there is no need to normalise the fuzzy decision matrix, and the FPIS and FNIS can be respectively defined as:
Step 5: Determination of the distance between each alternative, FPIS and FNIS The distance from each alternative to the FPIS and the FNIS are:
where d(·,·) denotes the distance between two fuzzy numbers, calculated using Equation (5).
Step 6: Computation of the closeness coefficient and ranking the alternatives In order to aggregate the two distances, a Closeness Coefficient (CC) is calculated for each alternative according to d + and d − as follows:
CC is defined so that an alternative is close to FPIS and far from FNIS if its closeness coefficient is close to 1. We shall see in the next section how these methods and tools may be used to address the considered problem.
Problem description
The structure of the SC considered in this work is presented in Figure 2 . This generic yet simplified SC is composed of multiple suppliers, multiple parallel manufacturing plants and multiple subcontractors. Each manufacturing plant can produce several finished products using components provided by the suppliers. Production cost of the same product can be different according to the manufacturing plant. To increase its production capacity, each manufacturing plant can use overtime. Regular hours and overtime hours are limited for each period. For simplicity, we have not considered the transportation costs in this work (they can be considered as included in the costs of products, or can be added in a more precise way in the models if needed). In addition, it is assumed that the production durations are negligible. Again, taking into account different production durations complicates the problem without setting specific theoretical issues. Costs and capacities of each supplier and subcontractor can be different. We assume that a predefined list of approved suppliers is given. For simplification purpose, it is assumed that a manufacturing plant is considered as a single stage production system, for instance by considering the bottleneck resource. • Crisp parameters:
• Fuzzy parameters:
• Decision variables:
Presentation of the proposed approach
The suggested approach consists of six main steps.
• Step 1: Select the criteria used for order allocation
In this first step, the decision-maker must choose among Class I and Class II criteria the ones that match with his strategy, or may add other criteria.
• Step 2: Provide the set of scenarios allowing to satisfy demand requirements
We note: C p;t : a set of scenario able to satisfy demand requirements D p;t i: index of allocation scenario (i = 1, …, card (C p;t )) where: Quantity of raw material r required to produce a unit of final product p cap r m;p;t Maximum number of product p that can be produced in regular time at manufacturing plant m during period t cap ov m;p;t Maximum number of product p that can be produced in overtime at manufacturing plant m during period t cap b b;p;t Maximum number of product p that can be provided by subcontractor b during period t cap s s;r;t Maximum number of raw material r that can be provided by supplier s during period t D p,t
Global demand of finished product p in period t resulting from all the customers x r m;p;t Production quantity in regular time for product p at plant m in period t x ov m;p;t Production quantity in overtime for product p at plant m in period t x b b;p;t Subcontracting quantity for product p at subcontractor b in period t x s s;r;t Purchasing quantity for raw material r from supplier s in period t 
Constraint (21) ensures that all customer demands are satisfied at the end of each planning period. The quantity of each raw material to be supplied in each planning period is calculated using constraint (22). Constraints (23) and (24) represent the manufacturer's production capacity limitation during, respectively, regular and overtime hours.
Constraints (25) and (26) indicate the maximum utilised capacities at each supplier and subcontractor in each period, respectively. Constraint (27) expresses the non-negativity of different decision variables.
•
Step 3: Evaluate the performance of each allocation scenario (a) Rate each actor with respect to Class I criteria
The cost is given by a trapezoidal fuzzy number, whereas the quality and the reliability are supposed to be evaluated by the decision-maker using linguistic labels, according to previous experiences with the partner. Using the results of step 3(a), the fuzzy comparison matrix can be constructed according to the Class I criteria defined in the first step, using the following proposals: 
(ii) The measure of each allocation scenario according to the criterion 'number of actors' can be evaluated by calculating the number of manufacturing sites, subcontractors and suppliers involved in this allocation. 
We have now to aggregate the quality and reliability of the suppliers used in each considered scenario. We denote by e Q i p;t , e Rl i p;t , respectively, the quality and reliability measures associated to allocation scenario S i p;t . The assessment of each allocation according to the quality (resp. reliability) criterion can be estimated using various strategies. We limit our discussion to three classical ones, rather intuitive:
• Pessimistic strategy: The quality (resp. reliability) measure associated to an allocation scenario is assumed to be the quality (resp. reliability) of the worst partner: • Optimistic strategy: The quality (resp. reliability) measure associated to an allocation scenario is assumed to be the quality (resp. reliability) of the best partner: • Medium strategy: The quality (resp. reliability) measure associated to an allocation scenario is assumed to be the average of the quality (resp. reliability) measures of the actors involved in this allocation scenario: In this step, we apply the fuzzy TOPSIS method, considering the fuzzy decision matrix described in 3(b) and the Class I criteria defined in the first step. At the end of this step, we can determine for each allocation scenario S i p;t the closeness coefficient CC I i p;t .
• Step 4: Evaluate the risk of each allocation scenario (a) Measure the rating of each actor with respect to Class II criteria
We assume that the decision-maker provides in a linguistic form the rating of each actor with respect to the criteria of flexibility, responsiveness, resilience and robustness. Concerning the stability criterion, we assume that we have access to accurate information on the load of the actor during the previous period.
(b) Construct the fuzzy comparison matrix (allocation scenarios-Class II criteria)
The fuzzy decision matrix can be constructed according to the Class II criteria using the result of the previous step 5(a). The rating of each allocation scenario with respect to the criteria of Class II can be calculated according to the decision-maker strategy (i.e. optimistic strategy, pessimistic strategy or medium strategy) as described previously.
(c) Use of fuzzy TOPSIS
Fuzzy TOPSIS is then used, taking as an input the fuzzy decision matrix obtained in previous step. The method calculates the closeness coefficient of each allocation scenario according to the selected criteria related to Class II. Obviously, the allocation scenario with the highest closeness coefficient value CC II i p;t will be the less risky.
• Step 5: Interpretation of the results
The use of fuzzy TOPSIS has for outputs the two closeness coefficients related to Class I (performance) and Class II (risk) criteria. Their interpretation can be facilitated by using rules such as those suggested in Table 1 . The performance is here rated according to the {do not recommend, recommend, approve} scale, while the risk is denoted by the {low, moderate, high} linguistic scale. The decision-maker can of course use other linguistic values to rate the allocation scenarios according to his strategy.
Numerical example
In this section, a numerical example is presented to show the applicability of the suggested approach. The main purpose of this example is to compare in a considered period t the performance and risk of different allocation scenarios that satisfy the global demand of finished product p D p;t = 28.
The case study involves two manufacturing plants (m = 1, 2) and two subcontractors (b = 1, 2) who produce the finished product p. One unit of raw material r is required to produce one unit of p. Each raw material r can be provided by two suppliers (s = 1, 2). Data on the capacities of the considered SC are given in Table 2 .
The decision-maker uses the classical linguistic variables presented in Table 3 to assess the importance of the various criteria. The linguistic variables shown in Table 4 (also classical) are used to rate the actors with respect to each criterion (Hatami-Marbini and Tavana 2011). The computational procedure can be summarised as follows:
Step 1: Select the used criteria for order allocation The decision-maker chooses for instance the following criteria:
• Class I: Performance strategy and quality of service (1) Cost (2) Quality (3) Reliability (4) Number of actors • Class II: Risk
(1) Flexibility (2) Responsiveness (3) Resilience (4) Robustness (5) Stability
Step 2: Provide the set of scenario able to satisfy demand requirements In a preliminary study, the analytical model has been implemented in LINGO in order to get the optimal solution of the problem when a simple objective function linked to cost is used (Khemiri et al. 2015) . As a consequence, reusing the LINGO model while removing the objective function allows easily generating all the possible scenarios satisfying the demand (see Table 5 ); the solver was therefore used for checking the satisfaction of the constraints.
Step 3: Evaluate the performance of each allocation scenario
• Assess the rating of each actor with respect to Class I criteria
The ratings of the actors defined by the decision-maker according to the various criteria of Class I are shown in Table 6 . The cost ratings are given as trapezoidal fuzzy numbers while the quality and reliability ratings are given through linguistic variables that can be converted into trapezoidal fuzzy numbers using Table 4 .
• Construct the fuzzy comparison matrix
We assume that the decision-maker uses the medium strategy to assess each allocation scenario on the quality and reliability criteria (formulae (35) and (36)). The cost measures are obtained using formula (28) and the number of actors is given by formula (29). The result is the fuzzy decision matrix of Table 7 . Very poor (VP) (0; 0; 1; 2) Poor (P) (1; 2; 2; 3) Medium poor (MP) (2; 3; 4; 5) Fair (F) (4; 5; 5; 6) Medium good (MG) (5; 6; 7; 8) Good (G) (7; 8; 8; 9) Very good (VG) (8; 9; 10; 10) Fuzzy TOPSIS is used with as input the fuzzy decision matrix shown in Table 7 . The importance weights of the Class I criteria determined by the decision-maker are shown in Table 8 . Table 7 is used to obtain the normalised Fuzzy decision matrix presented in Table 9 using the formulae (9) and (10). Using the normalised Fuzzy decision matrix and the importance weights of the criteria in Table 8 , a weight normalised Fuzzy decision matrix is calculated using formula (12), as shown in Table 10 . (790, 960, 1055,1236) (7.094,8.094, 8.415, 9.132) (6.396,7.377, 8.056, 8.773) (6,6,6,6) The fuzzy positive ideal solution (A þ ) and the FNIS (A À ) (which are crisp numbers) are calculated using formulae (13) and (14) (17) and (18) as shown in Table 13 . The closeness coefficient of the allocation scenarios is then calculated using formula (19).
Step 4: Evaluate the risk of each allocation scenario
• Measure the rating of each partner with respect to Class II criteria
The ratings of the actors defined by the decision-maker according to the criteria of Class II are shown in Table 14 . The flexibility, responsiveness, resilience and robustness ratings are given using linguistic variables. For the criterion of stability, the decision-maker knows the previous load of each actor; the instability measurement is determined by calculating the difference between the previous and the actual load.
• Construct the fuzzy comparison matrix (allocation scenarios -risk criteria)
We assume that the decision-maker uses the 'average' strategy to calculate the measure of each allocation scenario according to the risk criteria. The result is given in Table 15 . • Use of fuzzy TOPSIS • The decision-maker provides the weights of the risk criteria shown in Table 16 . This table and the fuzzy decision matrix presented in Table 15 are used for calculating the closeness coefficient for each allocation scenario as shown in Table 17 .
Step 5: Interpretation of the results The rules presented in Table 1 have been used to classify the allocation scenarios in Figure 3 . As seen in Figure 3 , the first scenario S 1 p;t denotes better performance and risk measures than the other solutions, and is 'recommended' with rch 6.207,7.207,8.113,8.773) (7.716,8.716,9.433,9.716) (7.811,8.811,9.622,9.811) (7.433,8.433,9.150,9.528) (0.125,0.125,0.125,0.125 ) S 2 p;t (6.076,7.057,7.961,8.634) (7.557,8.538,9.250,9.557) (7.653,8.634,9.442,9.653) (7.288,8.269,9 .000,9.384) (0.5,0.5,0.5,0.5) S 3 p;t (6.038,7.019,7.942,8.615) (7.576,8.557,9.288,9.576) (7.653,8.634,9.442,9.653) (7.346,8.326,9.057,9 .423) (0.5,0.5,0.5,0.5) S 4 p;t (6.134,7.115,8.019,8.673) (7.576,8.557,9.288,9.576) (7.673,8.653,9.480,9.673) (7.269,8.250,8.961,9 .365) (0.5,0.5,0.5,0.5) S 5 p;t (6.096,7.076,8.000,8.653) (7.596,8.576,9.326,9.596) (7.673,8.653,9.480,9.673) (7.326,8.307,9 .019,9.403) (0.5,0.5,0.5,0.5) S 6 p;t (6.076,7.057,7.961,8.634) (7.557,8.538,9.250,9.557) (7.653,8.634,9.442,9.653) (7.288,8.269,9 .000,9.384) (0.5,0.5,0.5,0.5) S 7 p;t (6.038,7.019,7.942,8.615) (7.576,8.557,9.288,9.576) (7.653,8.634,9.442,9.653) (7.346,8.326,9.057,9 .423) (0.5,0.5,0.5,0.5) S 8 p;t (6.134,7.115,8.019,8.673) (7.576,8.557,9.288,9.576) (7.673,8.653,9.480,9.673) (7.269,8.250,8.961,9 .365) (0.5,0.5,0.5,0.5) S 9 p;t (6.096,7.076,8.000,8.653) (7.596,8.576,9.326,9.596) (7.673,8.653,9.480,9.673) (7.326,8.307,9 .019,9.403) (0.5,0.5,0.5,0.5) S 10 p;t (6.056,7.037,7.943,8.622) (7.566,8.547,9.264,9.566) (7.660,8.641,9.452,9.660) (7.283,8.264,8.981,9.377) (0.375,0.375,0.375,0.375) rch 'moderate risk'. The main reason is that this scenario implies fewer actors (5 actors instead of 6 in the other scenarios); moreover, subcontractor b2, who has a poor performance (high cost, poor quality and reliability) and a very low resistance to the risk factors (very poor flexibility, responsiveness, etc.) is not involved. The scenarios S 6 p;t , S 7 p;t and S 10 p;t are recommended with high risk whereas all the other scenarios are not recommended according to the rules suggested in Table 1 .
In our opinion, the results presented in Figure 3 may allow a decision-maker to determine a balanced solution between expected performance and risk.
Sensitivity analysis
The use of overlapping fuzzy weights is known as giving some intrinsic robustness to the aggregation method. As an illustration, a sensitivity analysis was conducted. The details of 18 experiments are summarised in Table 18 . For example, in the first three experiments, the weights of all decision criteria are assumed to be equal to 'VL', 'M' and 'VH'. In experiments 4-12, the importance weight of each decision criteria is assumed to be 'Very High (VH)' and the rest of the criteria are set to 'Very Low (VL)'. In experiment 13 (resp. 14), the weights of all performance-based decision criteria (resp. risk-based decision criteria) are set to the highest value (VH), while weights of all risk-based decision criteria (resp. performance-based decision criteria) are set as lowest value (VL). The remaining experiments were randomly generated.
The results of the sensitivity analysis are illustrated in Tables 19 and 20 . It can be seen that, although the rank of some allocation scenarios changes with respect to different fuzzy weight bases, S 1 p;t is still selected as the best allocation scenario, since it has the highest performance and risk measures. We can also notice that out of 18 experiments, S 10 p;t has the second rank in 17 experiments according to both performance and risk measures. Additionally, the allocation scenario S 5 p;t has the lowest performance score in all the experiments and S 2 p;t has the lowest risk score in 16 experiments. Therefore, we can conclude that the proposed decision-making approach is relatively robust to small changes in the fuzzy criteria weights on this example.
Conclusion and future research work
Nowadays, most SC networks are affected by various sources of uncertainty, including an increased variability of the demand. Consequently, making explicit the risk linked to the future execution of a supply plan may be an asset for supporting the decision of the logistic managers. However, the academic literature still shows a lack of approaches considering risk-based factors when constructing a procurement-production tactical plan. The existing studies are indeed mainly based on the optimisation of performance factors, and often focus on price or profit criteria.
This article proposes to use a multi-criteria decision-making approach to deal with an integrated procurementproduction system in a multi-echelon SC network involving multiple suppliers, multiple production sites, multiple subcontractors and several customers, in which some critical data are evaluated in an imprecise way using fuzzy logic. The decision-maker selects first risk-based and performance-based decision criteria that match his strategy and his industrial context. The set of possible plans is generated as well as their performance and risk measures, in order to better support the selection of a procurement-production plan.
The main interest of the proposal is in our opinion to keep a clear distinction between assessment criteria linked to performance and to risk, since there is clearly no 'mechanical' compensation between these types of criteria in real situations Another interest of the method is that it better preserves the decision maker's preferences than existing optimisation approaches. Additionally, it provides appropriate flexibility to the decision-maker for selecting the preferred tactical plan among several alternatives. The developed approach is generic in nature and can be easily extended to other selection problems.
